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In the field of education, it is useful for students to learn outdoors rather than indoors. However, it

1s difficult to learn outdoors because of various restrictions. In order to solve these problems, we

propose a new system by which students can obtain valuable experiences as if they were outdoors.

In this system, it is important to produces image from a new viewpoint in this field, there are

already several methods such as Sweep-Space algorithm or DeepStereo which uses CNN. While

these methods produce realistic images, there are two main drawbacks. First, these methods

require an enormous amount of time. Second, these methods require many images that are taken at

closed viewpoints. We will limit these methods to the task of rendering digital images of road scenes,

thereby finding solutions for these problems.
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